Long-term precipitation records are vital to many applications, especially the study of extreme events. The Tropical Rainfall Measuring Mission (TRMM) has served this need, but TRMM's successor mission, Global Precipitation Measurement (GPM), does not yet provide a long-term record. Quantile mapping, the conversion of values across paired empirical distributions, offers a simple, established means to approximate such long-term statistics, but only within appropriately defined domains. This method was applied to a case study in Central America, demonstrating that quantile mapping between TRMM and GPM data maintains the performance of a real-time landslide model. Use of quantile mapping could bring the benefits of the latest satellite-based precipitation dataset to existing user communities such as those for hazard assessment, crop forecasting, numerical weather prediction, and disease tracking.
method, then the IMERG-L values were subtracted. At the 75 th percentile (Fig 1a) , there are 22 small differences between TMPA-RT and IMERG-L, but differences of more than 100 mm day -1 23 at the 95 th percentile (Fig 1b) . TMPA-RT tends to show heavier tropical precipitation (blue), and 24 IMERG-L tends to show heavier mid-latitude precipitation (red). In particular, the southern 25 ocean shows a large and relatively consistent difference between IMERG-L and TMPA- RT. 26 However, many locations do not fit this pattern, including some mountains and inland water 27
bodies. In addition to geographic heterogeneity, the relationship between TMPA-RT and 28 IMERG-L may vary seasonally and interannually. Combined, these factors complicate the use of 29 IMERG data in TMPA-based applications. Kirschbaum 35 2014) . While the GPM mission plans to create a consistent record of precipitation available 36 from 1998 to the present using TRMM, GPM, and partner data, this processing is not planned to 37 begin before 2018. Until that happens, application developers could take advantage of IMERG's 38 improved spatial and temporal resolution and accuracy while maintaining the benefits of 39 TMPA's long time series by adapting IMERG data to TMPA-equivalent values with quantile 40 mapping. Quantile mapping (also known as quantile matching, cumulative distribution function 41 resolution (Maraun 2013) , and to correct model bias at the same resolution as observational 44 data (Cannon et al. 2015) . Gudmundsson et al. (2012) recommended the use of nonparametric 45 data transformations (e.g. empirical quantiles) for reducing biases across the entire distribution, 46 so these methods may be more appropriate for transforming extreme values such as rainfall 47
thresholds. An example of the statistical transformation of an empirical rainfall distribution can 48 be found in the second chapter of Some Applications of Statistics to Meteorology (Panofsky and 49 Brier 1968). 50
51
To demonstrate the use of IMERG in a TMPA-based application, quantile mapping from TMPA-52 RT to IMERG-L was applied to the Landslide Hazard Assessment for Situational Awareness 53 (LHASA) model. LHASA issues a daily nowcast with a resolution of approximately 1 kilometer 54 (Kirschbaum et al. 2015a ). The nowcast includes both a moderate-hazard level to maximize 55 sensitivity and a high-hazard level to reduce the number of false alarms. LHASA combines 56 rainfall and landslide susceptibility with a heuristic decision tree. First, areas rated "very low" 57 on the Landslide Susceptibility Map of Central America and the Caribbean Islands suggested that calculation of separate monthly quantiles would reduce the sample size, without 86 making the data transformation much more representative of each month. Therefore, all data 87 from 6 May 2015 to 5 May 2016 were assigned to the same domain. Spatial heterogeneity of 88 precipitation estimates across the region implied that it would be beneficial to partition the 89 data before quantile mapping, but the absence of strong ties between the difference maps and 90 elevation, land cover, or standard climate zones made it difficult to do so on an a priori basis. 91
More importantly, LHASA focuses on extreme rainfall events. This upper tail of the distribution 92 is best described by a large sample. Therefore, the entire land area was assigned to single 93 domain. Marine pixels were not included, because these are not representative of rainfall on 94 land. 95 96 Third, 100,000 quantiles were calculated for the TMPA-RT and IMERG-L products in the 97 statistical software R (R Core Team 2015; Hijmans 2015). The large number of quantiles (1 98 cutpoint for every 0.001% of each distribution) approximated the empirical CDF and minimized 99 the error associated with interpolation of extreme rainfall. Then the quantiles for IMERG-L and 100 TMPA-RT were paired into a single table that described the whole land area over 1 year. Fourth, 101 the table was applied to each LHASA daily rainfall threshold (based on TMPA-RT) to produce 102 equivalent IMERG-L thresholds ( Figure 2 ). These four steps were repeated for values of the 60-103 day antecedent rainfall index. 104
Fourth, the quantile-mapped version of LHASA was run with IMERG-L data. The performance of 106 the adapted rainfall thresholds was evaluated by a comparison to the original TMPA-based 107 model. The true positive rate (TPR) was determined by calculating the proportion of reported 108 landslide events (GLC) that were predicted correctly by LHASA. There may be some error in the 109 reported dates of GLC events (Kirschbaum et al. 2015c ). To address this issue, TPR was 110 calculated for 1-day, 3-day, and 7-day windows (e.g. if LHASA correctly predicted a landslide 111 that occurred 2 days before its reported date, it would be counted as a true positive only for 112 the 7-day window). The number of pixel-days for which a nowcast was issued without a GLC 113 event were divided by the total number of pixel-days to determine the false positive rate (FPR). 114
These results were also compared to the LHASA calibration period. 115 116
Results

117
In general, the version of LHASA with IMERG-adapted thresholds remained very similar to the 118 TMPA version. Figure 3 shows the TMPA rainfall thresholds (a) and the new IMERG thresholds 119 (b). The magnitude of the change was greatest in the wettest locations due to differences in 120 calibration, the shift to finer resolution, or both. Model performance with IMERG-L was 121 comparable to TMPA-RT for both the high-hazard and moderate-hazard nowcasts ( Table 2) Quantile mapping can adapt IMERG data for applications that were designed to use TMPA 158 precipitation estimates. In Central America, a daily landslide hazard model was adapted for use 159 with IMERG data by quantile mapping across a single domain. The results were comparable to 160 those for the original TMPA-based model. It is likely that other long-term precipitation datasets 161 would benefit from the same treatment. However, this method may be more successful with 162 threshold-based models and could be impacted by low sample size at the most extreme 163 precipitation values. Another key limitation of the method is that it must be applied over a 164 space-time domain with a consistent relationship between TMPA and IMERG. If this 165 requirement cannot be met, a more sophisticated treatment of the data may be required. 166
Ultimately, a longer IMERG record will obviate the need for this technique, because the user 167 community will be able to develop new climatological datasets directly from IMERG. TMPA-RT is higher (blue) and negative areas show that IMERG-L is higher (red). At these 265 percentiles, no difference was observed in many arid regions, but differences can be observed in 266 those regions during rare precipitation events. 267 TMPA-RT is higher (blue) and negative areas show that IMERG-L is higher (red). At these 285 percentiles, no difference was observed in many arid regions, but differences can be observed in 286 those regions during rare precipitation events. 287 
